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Abstract: Short distance travel and commute being inevitable, safe route planning in pandemics
for micro-mobility, i.e., cycling and walking, is extremely important for the safety of oneself and
others. Hence, we propose an application-based solution using COVID-19 occurrence data and a
multi-criteria route planning technique for cyclists and pedestrians. This study aims at objectively
determining the routes based on various criteria on COVID-19 safety of a given route while keeping
the user away from potential COVID-19 transmission spots. The vulnerable spots include places
such as a hospital or medical zones, contained residential areas, and roads with a high connectivity
and influx of people. The proposed algorithm returns a multi-criteria route modeled on COVID-19-
modified parameters of micro-mobility and betweenness centrality considering COVID-19 avoidance
as well as the shortest available safe route for user ease and shortened time of outside environment
exposure. We verified our routing algorithm in a part of Delhi, India, by visualizing containment
zones and medical establishments. The results with COVID-19 data analysis and route planning
suggest a safer route in the context of the coronavirus outbreak as compared to normal navigation and
on average route extension is within 8%–12%. Moreover, for further advancement and post-COVID-
19 era, we discuss the need for adding open data policy and the spatial system architecture for
data usage, as a part of a pandemic strategy. The study contributes new micro-mobility parameters
adapted for COVID-19 and policy guidelines based on aggregated contact tracing data analysis
maintaining privacy, security, and anonymity.
Keywords: COVID-19 routing problem; susceptibility mapping; pandemic urban sustenance; geospa-
tial analysis; information management system
1. Introduction
In the COVID-19 pandemic, public transport like buses, metro, and vehicle sharing
services are seldom available or used. The situation leaves users with a limited choice
of using personal two wheelers like motorbikes and cycles which in many places is not
the preferred way to commute due to commuters’ behavior [1]. To avoid traffic, for
small distances within a few kilometers, many may intend to choose either cycling or
walking, bringing the focus on micro-mobility. Recent studies in medical science have
found that airborne transmission may be the dominant route of COVID-19 spread [2].
Therefore, cycling and walking leave commuters more exposed to COVID-19 as com-
pared to enclosed vehicles like cars. Moreover, the COVID-19 virus can be active on
surfaces so cycling and walking make one a potential carrier of the virus to their liv-
ing places. Airborne transmission of the coronavirus is highly virulent and could be
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the dominant route for the spread of COVID-19 [3,4]. Even with normal nasal breath-
ing, inhalation of virus-bearing aerosols results in deep and continuous deposition into
the human respiratory tract, and this transmission route typically requires a low dose.
The COVID-19 pandemic has spread like wildfire across the globe and it is becoming harder
for countries with a comparatively higher population density to manage the citizens [5,6].
With thousands of cases surfacing in some countries, it has become extremely hard to
trace the virus and determine the probability of finding the virus in a particular location.
Solutions which helped in alleviating the spread in one country are not working in another
with different societal conditions [7,8]. In India, in particular, it might not be feasible to
seclude a particular area altogether or cut off the daily commute of the working people.
Many day-to-day commute patterns are from a pre-COVID-19 time and were not devised
to handle a situation like this [9,10].
Given the COVID-19 contagion and micro-mobility as a necessity, micro-mobility is
increasing around the globe using personal vehicles. In a study from Zurich, Switzerland,
not only micro-mobility is preferred for long distance but also the usage component of an
e-bike and e-scooter is showing different variation in usage [2]. Micro-mobility vehicles like
an e-bike and e-scooter are shared vehicles, hence, in Louisville, Kentucky, in general, their
usage declined during the COVID-19 peak [11]. In Sicily in South Italy, many users have
started to prefer traveling by private cars, which is in disagreement with sustainability
policies of the European cities [12]. The same scenario was observed, in New Delhi, India,
too, during the initial phase of the COVID-19 lockdown where long distance commuters
along with some local commuters were using personal vehicles, and immigrant workers’
pedestrian mass transit caused increasing main road traffic [13,14]. Given that short
commutes are necessary to fulfill daily basic needs and given the increased main road
traffic, users are preferring cycles or walking to a destination. The necessity of gaining
a deeper understanding and promoting sustainable commute is prime for sustainable
urban mobility to promote resilience and recovery of future transport [15]. Traditionally,
mobility assistive technology like route traffic and signal notification [16], for sustainable
policy emission estimation [17], and a tourist route guidance system [18] are leveraged.
However, with this changed commuting behavior, using personal vehicle cycling and
walking facilitation by cycling infrastructure, add-on and technology solutions are needed
in these times. In the United Kingdom, cycle-to-work schemes went up by 200% in the
number of bicycle orders [19], and major cities like Paris are looking to redesign their
neighborhood to provide amenities within a 15-min walk or bike ride [20]. In the coming
years, people will need to adapt to physical distancing norms, and municipal authorities
will likely expand on recent measures to develop biking and walking infrastructure as a
way to promote more livable, sustainable, and accessible cities. As a result, urban mobility
will likely see an uptake in shared micro-mobility with residents selectively choosing when
to take public transportation.
Choosing these modes can have their cons and pros. In contrast to cars and motorcy-
cles where people are safe in the enclosed environment of a car or protected by wearing
helmets on motorcycles, cycling and walking leaves them exposed to the external environ-
ment. Further traveling via a cycle, which is small enough to go through narrow lanes or
the liberty of just walking through any given street, necessitates conveying COVID-19 risky
lanes information. Hence, in this time of the pandemic, such short commuting needs to be
tackled accordingly [10,21]. One such application area that requires an infection perimeter
setting is the navigation or route planning from source to destination [22,23] avoiding
infectious zones. The traditional process of creating an appropriate route is carried out by
considering the possibility of a route, the traffic, and the efficiency of the route based on
some objective metric [24,25]. These methods do not emphasize the type of safety required
to alleviate the chances of catching the virus during a ride out or regular commutes [26,27].
In this work, we show the containment zones, the inner, middle, and outer regions for an
area in Delhi, India, and discussed in Section 3 with figures depicting the random spread
along the area geography. As it is not possible for everyone to know all containment zones
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or all hotspots of a region or a city, these conventional methods, being oriented for trivial
situations, can introduce someone to a high containment zone. Now, with the local road
traffic load going down and the need to be safe gaining a higher priority, a solution is
required to merge infection safe routes with origin-destination points [28,29]. In this paper,
we propose an algorithm that takes these requirements into consideration.
For the present study, the National Capital Region (NCR) of India including Delhi
is considered. Delhi being the capital of India with a strong metropolitan society and
connectivity is prone to a more severe infection outbreak. Further, being a historic city, it
has quite a complex network of roads and streets with one of the busiest road traffics in
India. In contrast to the unplanned street network, Delhi has a well-planned network of
public commuting services, namely, the metro service and the bus service in addition to
locally popular private cab services like OLA and UBER. The majority of people across
cities, towns, and villages in India own motorbikes, and some cycle and walk. Mobility
around the globe has been affected by COVID-19, including micro-mobility, wherein
micro-modes are being used for longer commutes than was the case earlier [30]. This has
been observed globally as well as in India [13,30,31]. In countries like India, where it is
predicted that COVID-19 waves would periodically rear its head, migrant workers take to
the roads on foot in thousands each time the infection threat rises. There must be some
application-based solution to monitor such movements on the roads and inform people to
make better decisions [14,32,33]. In comparison to other Indian states like Maharashtra,
Tamil Nadu, West Bengal, where the infection cases curve was growing as tˆ2 power-law
growth, and while Gujarat and Madhya Pradesh exhibited linear growth, Delhi (chosen as
case study area in the present work) had reached
√
t growth phase until August 2020 [34].
However, studies predicted that of all the cases in Delhi, 96%–98% were undetected [2].
Furthermore, in a situation like the one prevalent in India and other developing countries,
the threat of infection spread could certainly keep arising in the future again, showing a
similar trend. The present application-based approach is a step in that direction to facilitate
commuters to take safe routes whenever the situation worsens.
To study micro-mobility trends in a region, we decided to analyze Google map mo-
bility API data. The mobility in Delhi as plotted using the recently released Google
Community Mobility Reports [35] is shown in Figure 1. This represents the percentage
change in trends of mobility commute to different locations, i.e., grocery and pharmacy
stores, as well as workspaces. Google collected mobility data using crowdsourcing as
they accumulate the data normally for Google Maps. The graph shows that the residential
as well as groceries and pharmacy-related micro movements are significant. These are
mostly local short distance commutes. The lockdown in Delhi was implemented in four
phases and the unlock-down was implemented in two phases. Along with unlock, common
movements are seen to be increasing. However, as soon as unlocks were implemented, the
COVID-19 cases soared and were statistically analyzed [36]. Therefore, in such a situation,
when the risk is high and the government is offering relaxation for necessity-based com-
muting, citizens themselves need to take initiative to prevent themselves from external
environmental exposure.
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Figure 1. Mobility Trends in Delhi, percentage change in comparison to pre-COVID-19 time.
In this work, we propose steps to achieve COVID-19-safe micro-mobility through
spatial identification of possible infection hotspots and then algorithmically rerouting the
paths for a safe commute (Figure 2). We discuss the design criteria and mathematical
models which are most effective in amalgamating COVID-19 zones with mobility routes
and provide map-based visualizations. We also bring up the data aspect in our discussions
to point out the fact that open data, although quite useful and beneficial for research, are at
the mercy of government rules and regulations, which until made conducive for research,
cannot be openly used. The solutions devised in this study can be more effectively utilized
for routing by the national contact tracing agencies of a country, which we present with
available aggregated anonymized data. The results with selected data show that given the
right data policies, and supply of unrestricted data, the proposed system can come out of
its restricted data usage and provide results ubiquitously.
We present the overview of the paper in Figure 2, with each step shown in the figure
being a section in the paper. This article is structured as Section 2, providing details of
geospatial analysis of road networks using widely accepted libraries. Section 3 highlights
the visualization of COVID-19 containment zones and hospitals. A safe route finding
methodology is also discussed. Section 4 presents the route case study and optimal result
highlights. Section 5 discusses the need for open data policy and technical architecture for
data usage. Post-COVID-19 era governments are suggested to add properly scrutinized
policy in the pandemic act for future references. Further limitations and future work are
presented in Section 6, to fuse contact tracing data with mobility facilitation adhering to
safety, privacy, and anonymization. Finally, a conclusion is drawn from the study with
future scope recommendations followed by the list of references.
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Figure 2. An overview of the steps followed in the study for safe micro-mobility in pandemic, starting
with data collection, spatial analysis, situation determination, and new route suggestion.
2. Background Theory and Data Usage
The background studies involved looking at the ground situation prevalent in times of
pandemic, identifying the problem scenario and analyzing the causative factors leading to
the problem. This led to counteractive measures of exploring technical aspects that might
offer solutions to parts of the problem. In the COVID-19 pandemic, we faced severe mobility
issues even for short travels. Moreover, ready solutions for COVID-19 safe travel for short
distances were not available, especially not for walkers and cyclists. Hence, we embarked
upon delivering a spatial solution to COVID-19 safe micro-mobility. Furthermore, based
on literature review, it soon became clear that a solution would require combining spatial
data analysis, open data on infectious zones, route framing, and visualization of COVID-19
zone data over point-to-point short commutes. The scheme of the work is summarized in
Figure 2 as an overview of the steps followed in the study for safe micro-mobility in the
pandemic, starting with spatial data collection for COVID-19 and routes, spatial analysis,
situation determination, and new route suggestion with some data policy guidelines in
the end. The background theory and techniques related to the various steps are explained
in this section. As shown in Figure 2, the first requirement is to curate spatial road
network, then comes COVID-19 data layering for hazard zonation. We implement a routing
algorithm next to factor in COVID-19 zones and the roads passing through the zones
where the system calls upon a betweenness centrality concept, explained in this section.
Finally, visualization techniques are discussed.
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2.1. Geospatial Analysis of Road Network
Given the ample and rich varieties of libraries to handle geospatial data, different
analyses and ideas can be tested and realized quickly. The Jupyter ecosystem is an add-on
to those libraries that support various types of visualization tools that spontaneously help
a lot when trying to tune and fork the data by placing it in a visual context. This capability
of Jupyter Notebooks along with supporting geospatial libraries are leveraged to share
the project codes in academia as well as the professional world. The Python programming
language has a very wide user community, and has ready-to-use visualization and data
handling libraries and packages for different purposes. Hence, the combination of python
packages with Jupyter attracts developers to build geospatial packages such as OSMnx [37]
and geemap [38] for geospatial analysis.
2.2. Geospatial Data and Frameworks
OpenStreetMap (OSM) [39] is a crowdsourced geographic dataset that can be used to
study the geographical area such as the road networks and their connectivity on a regional
as well as on a national level. Services provided by OSM allow access to underlying
geospatial data structures, such as road networks, treating intersections as nodes, and
the roads as edges [40]. A spatial network analysis framework is needed to analyze
the geocoded data points returned by the OSM application program interface (APIs).
Networkx [41], which is a python library for the creation and modification of complex
networks, is a very useful tool for network analysis. Furthermore, to strengthen Networkx
applicability in the road network domain, another Python package OSMnx is built over
the top of Networkx. OSMnx also leverages the usage of popular Python libraries such
as GeoPandas [42], which makes working with geospatial data easier by adding support
for geographic data to Pandas objects. Thus, using the OSMnx, we downloaded the road
network data of the interested region. The OSM provides data of features for nodes and
edges within the request region. The major edge commonly-updated features are OSMid,
highway, one-way, length, geometry, name, etc. The major node features are osm_id and
location (latitude, longitude).
2.3. Regional Containment Zones and Medical Facilities Data
For geospatial analysis, we need containment zones as well as the medical facilities
data. As the governing administration is proactive to fight COVID-19 containment zones,
data are regularly updated and maintained by the state government. Our region of interest
being Delhi, we got the list of the containment zones from Delhi government website [43].
Further, the list of hospitals and medical facilities are available in [44]. The information
on addresses and zones are available in the form of street addresses. However, geospatial
analysis needs it in latitude and longitude form.
Geocoding is the process of converting an address to a coordinate pair (latitude/
longitude). It can be performed using many map services provided by different providers
like Google, Tom-Tom, OSM, and Here maps. For that service, providers offer their APIs
with which users can pass street addresses in the API request and can get responses
as latitude and longitude [45,46]. These APIs can be queried easily using Python or R
programming and responses mostly available in JSON format. These JSON responses can
be parsed to save useful information using the same Python or R programming. However,
free services like that of OpenStreetMap Geocoding API known as “Nominatim” required
the street addresses to be aligned in a specific manner and hardly allow casual addresses.
On the other hand, paid web services such as Google Maps geocoding API are advanced
and automatically detect casual addresses to exact addresses and provide geocodes. For our
purpose, we used Google geocoding APIs.
2.4. Map Visualization
Visualization helps users to understand the importance of critical information in
data by placing it in a visual context. Unnoticed patterns, trends, and correlations in the
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raw textual data structure can be noticed easily by visualization. Being an integral part
of the data scientist’s toolkit, creating the visualizations is common owing to powerful
visualization tools and libraries available in Python. Matplotlib [47], which is a python
package for data visualization, is very powerful and has visualization ranging in different
aspects and types of data like categorical and non-categorical. OSMnx having built up on
top of these visualizing libraries let us download spatial geometries of road networks and
assist to visualize, and explore real street networks from OpenStreetMap.
Further, Folium is a powerful data visualization library in Python that can be used to
work with geographic data (Geo Data) interactively. It can be used to create a map of any
part of the world using the location (latitude and longitude) of that place. After the map
is rendered, it has a feature of making it interactive by adding the feature of zoom-in and
zoom-out which comes in handy when working with geospatial data.
2.5. Traffic Flow and Betweenness Centrality (BC)
The traffic flow in an edge majorly depends on the connectivity that an edge offers
based on its presence in the different routes, i.e., betweenness centrality. The betweenness
centrality (cB(e)) of an edge is “proportional to the number of shortest paths between all
pairs of nodes passing through it and can be measured by averaging over each pair of
nodes and following the shortest path to the destination” [48]. High betweenness centrality
corresponds to the edges of main roads and low is for small streets with low connectivity.
Further, some studies show a high positive correlation between the traffic flow and the
betweenness centrality values of the road [48]. Therefore, for searching a low connected
street with less traffic flow, normalized edge betweenness centrality is a good parameter.




σ(s, t | e)
σ(s, t)
, (1)
where V is the set of nodes, σ(s,t) is the number of shortest (s,t)-paths, and σ(s,t|e) is the
number of those paths passing through edge e. For normalization, “1/(n(n−1))” factor is
multiplied for directed graphs where n is the number of nodes in G.
2.6. Problem Scope and Objectives
The problem scope stems from the fact that spatial correlation of COVID-19 hotspots
and micro-mobility parameters has not been undertaken at a data analytics level. A usable
solution and application oriented to providing users route guidance in pandemics such
as COVID-19 is the need of the hour. Statistical analysis was performed to quantify the
relationship between the incidence of daily COVID-19 cases and the six mobility types
(retail and recreation, grocery and pharmacy, parks, transit stations, workplaces and
residential) in Delhi as done in [14]. The study showed that the mobility related to retail,
recreation, grocery, and pharmacy are significantly associated with the transmission of
COVID-19 infection as these mobility categories have a positive coefficient of the quasi-
likelihood estimate of β coefficient arising from the maximization of normality-based
log-likelihood of COVID-19 cases by geography presented by the generalized estimating
equation (GEE) Poisson log-linear model first introduced in [12], suggesting that an increase
in the covariate will result in an increased number of COVID-19 cases over time. In addition,
the coefficients of parks, transit stations, and residential-related mobility are not statistically
significant, which implies that they do not affect changing COVID-19 cases over time.
The test results demonstrate that although workplace-related mobility is significantly
associated with the dependent variable, i.e., COVID-19 cases, the coefficient value for
predicting the relationship is negative. The GEE Poisson log-linear model results using
14-day lagged mobility indicators variable, which is the symptom onset incubation period
of COVID-19, shows a very similar outcome to the model which used the seven-day lagged
mobility indicators [14]. In fact, the 14 days lagged average study indicates a significantly
stronger coefficient estimate than the seven days lagged average for mobility related to
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grocery and pharmacy, re-affirming that visits to the six-places categories (grocery markets,
food warehouses, farmers markets, specialty food shops, drug stores, pharmacies, and
similar places) increase the chances of coronavirus infection. The use of 14-day lagged
mobility indicators also reveals a more substantial negative coefficient value for workplace-
related travel, highlighting that it poses the lowest risk of transmission of the virus among
the six-place categories [14].
After having been affected adversely by pandemics of the scale of COVID-19, major
transport services remain suspended and the commuters are left with cycling and pedes-
trian mode for small distance commute [50,51]. Further, Delhi is a cosmopolitan city with
people from various states of India living here, and given the byzantine street network,
everyone cannot know where the connected street to a place is and how far off is that
place using those streets. Therefore, proper navigation assistance is needed to facilitate the
pedestrians or cyclists for rerouting to unhabitual routes. We believe that the proposed
work will help to navigate on a safe-short street route and will be effective for pedestrians
and cyclists in Delhi.
3. Methodology
The methodology involves creating and visualizing spatial layers of routes within the
area of interest and comparing them with COVID-19 hotspots data visualization in the
area of interest. In this section, we describe the functions that support route and COVID-19
infection data analytics.
3.1. Visualizations and Rerouting Methodology
Visualization of the area of interest in Delhi using the data was done in two forms.
The first is static which can be printed and shared through reports. Another being in-
teractive which allows exploration of a data set, via zooming and toggling of overlays.
Interactive maps leverage the use of web services to superimpose data over background
map tiles from the web services. For visualization, the containment zones data used are of
12 July 2020. Three shades of color mapping are used for circular node markers with the
highest color tone for nodes within 100 m of containment zone geocode point. The nodes
within 100 m proximity of hospitals and medical facilities are plotted with violet color,
as shown in Figure 3a. Note that most of the containment zones are near to each other
and overlapping in the zoomed out map. It is inferred that most of the infection is spread
via being nearby contaminated people which in turn increases with being in or near the
containment zones. A zoomed-in region of the plot is shown in Figure 3b. For interactive
visualization, the Folium library is used Figure 3c.
Figure 3. Cont.
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Figure 3. (a) Hospital and hotspot zone marked nodes in Delhi region. (b) A zoomed-in view of a region in Delhi.
(c) Interactive visualization using the Folium library.
3.2. Design Criteria for Route Planning
The requirements of route planning are based on the current scenario mainly consider-
ing the safety and connectivity of the roads. We standardized the safety of a given route by
checking if the chosen route involves any of the hazard factors defined by us. After having
the risk gradient visualized, we would require the source and destination coordinates to
calculate the route. The efficiency of a route is also taken into account by choosing the
shortest path while considering the hazard factors to the destination to minimize user
effort and external environment exposure time. The first hazard factors we consider are the
proximity to containment zones. The gradient of the hazard was visualized with different
shades of pink, with the shades getting lighter with the distance from the containment zone.
The edges present within the 100 m from the containment zones are valued as the most
hazardous edges to pass by in the context of the study. The hazard score (HAZ) decreases
with every 100 m as the distance increases up to 300 m and is taken as 0.20, 0.16, and 0.12.
Another hazard factor considered is proximity to hospitals and medical facilities.
The reason behind this consideration being the potential carrier of COVID-19 virus might
be present near hospitals. Given the tremendous stress on the medical facilities, there
is a possibility that there is a long queue of people waiting for their turn for medical
examination. In those conditions, if a pedestrian or cyclist uses the pathway or side roads,
the proximity with waiting people will increase, and so will the risk. Hence, we allotted
the hazard score (HC) of 0.08 for the edges with the proximity of 100 m near the hospitals.
Navigational traffic risk must also be considered while route planning of pedestrians
and cyclists. As discussed earlier, given the stress of traffic on main roads, streets are
viable options. Usually, streets are not preferred for any type of traffic diversion as it is
not appreciated by the locals. Furthermore, it is observed that traffic diversion like that
of motorcycles increases the accident risk on local streets [52]. However, streets during
this pandemic time are usually less occupied by local pedestrians as local persons living
alongside the streets are advised to remain in their homes unless it is very necessary to
go outside. Thus, normalized edge betweenness centrality (BC) is considered as a hazard
score for navigational traffic risk. The betweenness centrality (BC) is normalized using a
min-max scaler to lie in the range of 0 to 0.06. Here onwards, the equations use BC as a
variable in data tables.
Another important requirement of the route is that it should not be much longer
than that of the shortest route. For that to consider different hazards and betweenness
ISPRS Int. J. Geo-Inf. 2021, 10, 571 10 of 19
centrality weight should be an empirically set factor of shortest path length. Other factors
can also be considered related to traffic, like land-use patterns and areal population density.
However, pedestrians and cyclists might not be traveling more than a few kilometers
because of physical fatigue. For small distances like five kilometers, the land-use pattern
and population density might be the same. If there is some variability, then it is hard to get
that intelligence without empirical local expertise.
3.3. Cost Function Discussion
There are many shortest route-finding algorithms such as Dijkstra, Bellman-Ford, and
A*. These routing algorithms need edge weight as input for every edge along the route
to minimize the summation of weights for finding out the best optimal route. The edge
weight should be set in a way that after summation of all the edge weights along the route
do not undermine the hazard effect of any given edge in the route. For this to consider the
hazard effect of any given edge, it should be comparable to the edge length of the total
route. Further different types of hazard scores should be comparable so that one does not
undermine the effect of others, altogether.
We allot the edge weight of each edge as per Equation (2). To find out the edge weight,
a comparable constant to route length is taken which is weighted by the total hazard
score. The comparable constant, which we used, is the shortest path length between the
origin and destination point. We are considering a circle around the main point for the
COVID-19 infection zone buffer, and circle radii follow the Euclidean distance principle.
Since it is only through a zone around a point that COVID-19 infection number has to be
estimated to warn movement in that buffer, we relied on radius originating from the point
up to a pre-calculated length in all directions. An empirical intuition for different weights
are presented in Section 4 of the result and case study. Further, to calculate normalized
centrality of edges, we take a subnetwork by defining a square bounding box of a side
equal to 4/3 of the shortest-path’s length with the center of the square as a Cartesian
mid-point of destination and origin points. This ensures that centrality calculation does
not take account of those routes between the set of nodes that are remote to any probable
path between origin and destination. The hazard scores are set in a way to give most
importance to containment zones, secondly to hospital presence, and lastly to connectivity.
Allowing some complexity, the multi-objective function could also be made for a Pareto-
optimal solution, if the objectives are competing. However, in our case, it is not a problem
as there are generally many connecting streets available. Once the edge weight of a
sub-network has been updated, the shortest pathfinding algorithm will search for an
optimal path.
Edge weight = Edge length + ((HAZ + HC + BC)∗Shortest path length between origin and destination) (2)
where HAZ is containment zone Hazard score of edges, HC is hospital weight of edges,
and BC is normalized betweenness centrality of the sub-network.
4. Route Case Study and Results
As discussed in Section 3, the required route should not be much longer than the short-
est route as well as avoiding hazardous places and hospitals by choosing less connected
roads. The cost of a route is a summation of all the road links costs, hence considering
Equation (2), cost of a learned new-path (Cl) and cost of the shortest path (Cs) are presented
in Equations (3) and (4), respectively. However, for Equations (3) and (4), weight factors
(HAZ + HC + BC) of Equation (2) are taken directly without considering factors of shortest
path length.
Cl = Length of new path + ∑(HAZ′+ HC′+ BC′) (3)
Cs = Length of shortest path + ∑
(
HAZ′′ + HC′′ + BC′′
)
. (4)
For the learned path to be chosen: Cl < Cs. Hence:
Length of new path + ∑
(
HAZ′ + HC′ + BC′
)
< Length of shortest path + ∑
(
HAZ′′ + HC′′ + BC′′
)
;
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Length of new path − Length of shortest path < ∑
(
HAZ′′ + HC′′ + BC′′
)
−∑(HAZ′+ HC′+ BC′). (5)
If we put an empirical bound on new path length, it should not be more than 1.5 ∗
(Length of shortest path), thus, for maximum new path length, Equation (5) can be written as
0.5 ∗ (Length of shortest path) < ∑
(
HAZ′′ + HC′′ + BC′′
)
−∑(HAZ′+ HC′+ BC′). (6)
Moreover, if the weight of (HAZ’ + HC’ + BC’) is some factor of ‘Length of shortest
path’. Therefore, we can replace ∑(HAZ” + HC” + BC”) by X ∗ (Length of shortest path)
and ∑(HAZ’ + HC’ + BC’) by Y ∗ (Length of shortest path). Thus, Equation (6) finally
converts to Equation (7) below.
0.5 ∗ (Length of shortest path) < X ∗ (Length of shortest path)− Y ∗ (Length of shortest path)0.5 < X − Y, (7)
where X is the summation of all HAZ, HC, and BC on the shortest path, and Y is the
summation of all HAZ, HC, and BC on the new path. Empirically HAZ, HC, and BC
should be allotted values such that if some hazard or hospital is available on all possible
routes then it should select the route which is safer and also not too long compared to the
shortest path. While selecting a route, it may go from less hazard prone points if the other
possible route is too long in comparison to the prior. To analyze and test the proposed
edge weight, we find the route between 1000 origin-destination (O-D) pairs in the Delhi
region. These origin and destination pairs are chosen such that the Euclidean distance
between them is between 4.5 km and 6.5 km. Dijkstra optimal route finding algorithm is
used which is mainly employed by the majority of navigational systems. The average of
1000 short-route lengths as well as the average of 1000 new-routes lengths according to the
proposed algorithm is noted, along with percentage change in Table 1. Hence, in general,
the proposed algorithm outputs nearly comparable route lengths to that of the shortest
route length.
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0.2 0 0 0 0 7184.90 7415.53 7733.14 3.20
0 0.16 0 0 0 7184.90 7289.06 7390.29 1.45
0 0 0.12 0 0 7184.90 7259.95 7303.33 1.04
0 0 0 0.08 0 7184.90 7240.82 7324.48 0.78
0 0 0 0 0.06 7184.90 7533.21 9024.40 4.85
0.2 0.16 0.12 0 0 7184.90 7461.49 8114.77 3.85
For a given instance where origin is (28.666822, 77.207476) and destination is (28.628028,
77.235271), the shortest-route as well as the new-route according to the proposed algorithm
are shown in Figure 4a,c, respectively. The resulting shortest route may include edges
that have hazardous locations or nodes, whereas the resulting route from the proposed
algorithm bypassed those hazardous edges instead of returning just the shortest path.
Furthermore, Figures 4c and 5 highlight that the proposed algorithm prioritizes the selec-
tion of streets over main roads. The shortest path length between origin and destination
for this given O-D pair is 6423 m; however, for the new routes, the length is 8357 m using
parameters of the first case in Table 1, and for the second and third case, it is 7161 m.
The route in Figure 4b, as shown in Figure 5, avoids all the hazard points. For the optimal
case, in case 2 of the table, the average increase is just 8.72% over the shortest route through
risky zones, as shown in the “Percentage change” column in Table 1, which is acceptable
given the risk avoided. In one of the selected sample runs shown in Figure 4, the best
choice came out as a route in Figure 4b avoiding the main roads and a major COVID-19
hotspots while selecting the nodes of most outer HAZ regions, which is comparatively
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17.93 percent longer than the shortest possible route lying in hot zones. After an empirical
study on a 1000 different routes, we found that hyper parameters of case 2 in Table 1
are most viable and optimal considering both hazard weight (average empirical weight
of new path) and length (average length of new path) are least. Further, weight compo-
nent analysis is also done for the best set of weights (Case 2), for 1000 different routes.
Weigh component analysis shows that maximum percentage change is attributed to inner
hotspot region (0–100 m) and BC.
Figure 4. (a) Shortest path between origin and destination. (b) New-path between origin and destination based on case 1 of
Table 1. (c) New-path between origin and destination based on case 2 of Table 1.
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Figure 5. Map visualization and highlighted diversion.
5. Policy Implications
To contain and facilitate relief for the COVID-19 pandemic, the Indian government
invoked “The Epidemic Act of India 1897”. Clearly, at that time of initial pandemic act for-
mation in the nineteenth century, real-time user data were hardly available. Therefore, there
was no need for data-related privacy and dissemination policy formation. However, nowa-
days, data are a valuable commodity and fuel for every smart service. Given there are
no primary guidelines nor acts on data usage that has been approved functionally by
law-making bodies for facilitating pandemic applications, the policy and app architec-
ture used by the government was somewhat slapdash and had major flaws and critical
issues. The government has tried their best to alleviate such issues as soon as possible
by offering open cash-prizes for searching for loopholes in the security of the Aarogya
Setu application [53]. However, the initial issues cost the app credibility and users became
reluctant to download it. Given the crowdsourcing requirement of contact tracing technol-
ogy, it is effective only with increasing user-base. Therefore, this initial security problem
hampered the technology itself. This highlights the urgent need for properly scrutinized
policy and technological architecture for data usage in a pandemic, to be adopted by
the government for the future post-COVID-19 world. This will help the third party and
open-developer community to make smart solutions for facilitating mobility, supply-chain,
medical facilitation, etc., in a pandemic time as per requirement.
To reinforce the policy decision-making scientifically, we propose an architecture for
data sharing to assist COVID-19 mobility tools and related policy impact, as shown in
Figure 6. It shows aspects of data sharing, contributing factors, encapsulating the whole
spectrum of decision-making parameters. The presented data sharing policy architecture
in Figure 6 throws critical light on the prospects of framing civic rules and regulations
for pandemics such as COVID-19. As such, a multi-pronged analytical approach with
well-defined systems, subsystems and modules, has been proven yet again to be most
effective to tackle uncertainties, as demonstrated through the present work. Noting that,
we capture the data sharing policy based solutions for such events in Figure 6, where we
define how to detect, how to manage, and how to respond when struck with large-scale
disturbances. We presented a generic architecture for data sharing that will have usage for
mobility management information systems. The architecture comprises modules and sub-
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modules dedicated to different aspects of mobility and exposure contact tracing parameters.
The system defines a monitoring and detection mechanism, an information management
component, additional environmental parameters like spatial mapping, and a response
mechanism. The information channelization happens between multiple modules such as
Detection, Information management, and Response modules. It is of vital importance that
the feedback loop processes the output parameters and refine the input data with each
executed cycle. The detailed actions are shown in Figure 6. The system developed through
the present study follows the diagrammatic flow of Figure 6 through data analysis, citation
detection, technology management, hazard alertness, decision-making, and responses
through dissemination. However, in the present study, the mobile COVID-19 sources are
not considered and feedback for static hotspot data is done on a daily basis as is updated
by the city governments. Following the discussed architecture might allow a direction for
the officials to standardize data sharing policy for pandemic mobility solution integration
with official COVID-19 tracking data. Given the standard data sharing policies in place,
real-time update frequency is just a software development parameter that can be adjusted
according to hardware processing and network connectivity. Using the system parameters
in the response sub-system, micro-mobility re-routing is interpreted through hazard levels
and the parameters are set for safe routing. With the help of adaptable parameters for
safe micro mobility in the times of pandemics, governments can suggest various measures
towards public mobility to check the spread of the situation and have better control over
remedial procedures.
Figure 6. Systemic approach to analyze policy making for micro-mobility during pandemics.
As of now, the main functionalities handled by the proposed solution are towards
gathering cues from parameters through the static database. With data agreements, like
Google and Apple’s joint effort on an Exposure Notification System [54] and also Indian
government’s Aarogya Setu [53] mobile app data protection guidelines in place, the pro-
posed system architecture can adhere to such principles. The contact tracing architecture
follows the data exploitation restrictions stipulated in the formidable framework built
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by Google and Apple for any contact tracing app [54]. In addition to the former, India’s
Aarogya Setu architecture [53] stores user location but does not provide the location data
access to any third party. However, if the government agrees to share anonymous contact
tracing location-range data in the form of dynamic cost for COVID-19 positive subjects then
this can assist in containing COVID-19 very effectively. Respecting user privacy, the pro-
posed system architecture can help with digital contact tracing along with smart mobility
assistance thereby ensuring a safe and accurate infection spread prevention system.
6. Discussions and Future Scope
6.1. Limitations of Weight Allocation and Mobile Source Data Availability
In the present paper, for assisting micro-mobility in the COVID-19 pandemic, usage of
established route search algorithms are leveraged rather than exploring the effectiveness of
route search algorithm itself. Hence, for using the existing route search algorithm, weights
are empirically proposed, given the mathematical intuition and analysis, to get desired
safe route result. The architectural implementation level details are presented. For getting
the same route results, multiple solutions of different weight components can be there with
the similar proportion of smallest route length and the comparable differences between
those weights. However, a critical analysis is warranted before choosing a set of weights
which is presented for Delhi region.
Regarding the route model, the probable limitation can be that a given short direct
‘main-road’ route with ‘no-hotspot’ might not be selected, as our model is preferring streets
over main-roads. The side route which is being selected may have an outer (200–300 m)
hotspot, but as it is using side streets, the betweenness weight is balanced by the outer
hotspot weight. It is a circumstantial balanced choice which the algorithm might choose
as risk is involved both with the main road as well as outer hazard hotspot, but dynamic
long-distance pedestrian and vehicle that may be the source and creating congestion which
on other side increasing environmental exposure time is more for main road, but not
side road.
Further, acquiring each individual’s location data in a much granular scale can be
a great add-on for knowing where the virus is spreading and can significantly help in
seclusion of the virus at a very early stage. Hence, it could help to alleviate the impact of
the spread in a specific location. Knowing beforehand the places traveled by a COVID-19+
individual in the recent past could help to trace the contacts as soon as possible and with
higher confidence. Recent studies on the people infected with the coronavirus have shown
that 75% of them had been in close contact with someone they knew had COVID-19 [36,55].
However, presently, there is no standardized data sharing policy of the crowdsourced
data collected by contact tracing technologies, hence, mobile COVID-19 sources are not
considered and only static hotspot data are retrieved from the city municipality website in
the present study. Hence, for considering the mobile source of COVID-19 data, we further
discussed the data sharing policy framing and proposed a generic architecture.
6.2. Direction for Moving Source Info by Contact Tracing and Limitation Due to Privacy
As pointed out, having individual user’s geographic locations in a more nuanced and
abstract way, a system can find routes considering mobile COVID-19 sources. However,
it will be considered a privacy breach of having access to each individual’s data with
such fine granularity. In [56], the authors discuss various techniques of accessing the
user’s geographic data without affecting their privacy. Acquiring the user’s data in an
anonymized manner could help to integrate the moving source data along with the static
hotspots. The method helps in identifying the potential source of COVID-19, even if it
is out and moving, hence, designing a dynamic route that warns about moving sources.
However, because of security, governments are not sharing location intelligence gathered
by contact tracing mobile applications. To ensure anonymity as well as to ensure COVID-19
containment, the government can provide an estimated range of moving infected-person
locations by keeping individual identity anonymous. In fact, Aarogya Setu [53], a contact
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tracing application in India, uses previously visited locations of COVID-19 positive users
for disinfecting the areas and taking other preventive measures.
Another dynamic source of COVID-19 could be crowds not obeying social distancing.
The dynamic weight factors of crowds can be added in the proposed mobility assisting
system for allotment of a safe route. For that, the source could be video surveillance
hardware setup, like the Delhi government’s recently installed 140,000 CCTV cameras at
public places to curb the surge in petty crimes [57]. These cameras can easily be installed
with crowd-count software calculating the footfalls passing through a specific location,
hence density calculation of the crowd in various edges of the network which could advise
the user to avoid those roads or streets.
The usage and detection efficacy of contact tracing technologies in mobility is an open
question that is being studied and apparently shows positive correlation with COVID-19
cases [58], the efficacy of contact tracing technology could prove to be the best available
mobile source tracker. However, standardized architecture for anonymous-data sharing
is needed that can improve accessibility of such technology to third parties for assisting
micro-mobility in pandemics. For example, the presented routing algorithm is consid-
ering static weights, however, dynamic weight from anonymous location intelligence
can boost application efficacy of such kinds of mobility solutions. A standard data shar-
ing architecture can help governments to frame usage policies of such monitoring data.
The monitoring data should be changed to area specific hash codes for hiding individual
identities and consider providing intelligence on location or buffer zones in a collective
manner. Therefore, governments can unworriedly encourage usage of zonal contact tracing
data of mobiles collectively tracked within a local area without zeroing in on any particular
mobile’s details, thereby ensuring community protection in data.
7. Conclusions
The proposed system implements a very timely and vital solution to mobility issues
in densely populated regions such as India, based on data analytics and crowdsourced
data. The paper lays down some facts of open data usability with privacy, security, and
anonymity, thereby justifying policy-making sans worries. The pilot study has proven
that the system works and future directions are expanded upon. Work is ongoing towards
implementing dynamic route allotment using government data and other proprietary
data that agree to terms of privacy protection and non-disclosure of personal information.
The present work establishes algorithmic approaches to deduce safe paths for the mobility
of pedestrians and cyclists. The scope of the study included test cases run in simulation at
several locations in Delhi, India. These can be effectively scaled up for use in other places.
The paper discussed the technicality of our objective function to assist in smart mobility
and the studies found the function workable. The currently proposed system has deployed
pandemic specific low processing mobility solutions and notification of exposure, without
burdening itself with competing objectives for best route solution. Once governmental
data transparency acts are established, the system proposed information management
architecture for dynamic road weight calculation would incrementally become more accu-
rate and versatile. For the same, a generic architecture is suggested that can be adopted
by governments after scrutiny in the post-COVID-19 era for future pandemic assistance.
The study helps policy making by demonstrating data protection to frame usage policies
of such monitoring data through algorithms that hide personal details, thereby leaving it
on location or buffer zones in a collective manner, based on cost. The policies can have
provisions to encourage research based usage of zonal contact tracing data of mobiles
collectively tracked within a local area without bringing up any particular mobile’s details,
thereby ensuring crowd data protection.
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